Abstract-Electromyography
INTRODUCTION
SING EMG as control signal to realize a 'friendly' human-robot interface (HRI) has been proposed for assistive robots. Classification algorithms, which recognize different motion patterns from EMG, are one of the key techniques involved in such a HRI system. The pattern recognition from EMG includes two steps, i.e., 1) extracting various feature sets from EMG, and 2) developing classification methods to discriminate feature sets for different motions. With respect to step-1), some normally utilized EMG feature sets include EMG amplitude, autoregressive coefficients, waveform length, integral of EMG, cepstrum coefficients, and the wavelet packet transform [6] . Certain feature sets, such as the wavelet packet transform, have to be used in conjunction with dimension reduction algorithm such as principal components analysis (PCA) [1] or linear discriminant analysis (LDA) [2] to yield proper signal representation. For the selected feature sets, some classification algorithms, for example, genetic algorithm [2] , artificial neural This work was supported in part by the National Science Foundation of China under Grant 61035005, 60705028.
networks [3] , Gaussian mixture model [4] , and hidden Markov model [5] , etc., can be used to recognize the motion patterns. Thus, myoelectric control system can be further designed based on the recognized patterns [3] [4] [5] .
However, most of the algorithms mentioned above can only identify a limited number of discrete motion patterns from EMG, but can not recognize continuous motion of human limbs. On the other hand, in order to control an assistive robot to help a person efficiently, it is necessary to integrate the continuous human motion intend into the control system. Therefore, how to quantitatively and continuously determine the human motion intends from EMG is attracting more studies.
To involve muscle physiological model into a classification algorithm has been proposed to realize the continuous EMG recognition. The Hill-based muscle model is the most frequently utilized one in previous researches [7] [8] [9] . In [7] , an EMG-based forward dynamics model has been presented, which includes muscle activation dynamics, Hill-based muscle contraction dynamics, musculoskeletal geometry, and joint forward dynamics. The model is complex, and involves too many unknown physiological parameters. In [9] , a simplified model for controlling lower extremity exoskeleton was developed, and a step calibration process was constructed to optimize the unknown parameters. Normally, the Hill-type models can directly calculate the joint torque from EMG signals. But in order to control a robot assisting human movement, we need to use a continuous motion pattern of human limb rather than the torque pattern. Thus, a model, which can estimate limb motion directly from EMG signals, is significant for the motion matching between human and robot.
In this paper, a state-space model, which directly maps the muscle activations of the biceps brachii to the elbow joint motion, is developed. The state equation of the model integrates together the Hill-based muscle model and joint forward dynamics, and the measurement equation combines the joint motion with EMG features in the form of quadratic equations. Based on the proposed model, the joint angular velocities and positions are estimated by the extended Kalman filter (EKF) throughout elbow flexion/extension. The estimation results are further used to control a robotic arm tracking the limb motion in real time. The experimental results demonstrate that the proposed model is feasible to estimate human limb motion just using EMG signals. 
II. EMG-TO-MOTION MODEL
Our EMG-driven model is derived from Hill-based muscle model and joint forward dynamics. Shown in Fig.1 , this model is composed of three parts: a) EMG signal to muscle activation, i.e., muscle active dynamics; b) muscle activation to joint motion, i.e., joint forward kinematics; and c) joint motion to EMG features, i.e. feature fitting. Our purpose is that: to estimate the joint moving states by the muscle activation signal and the EMG features. 
A. EMG Signal to Muscle Activation: Muscle Active Dynamics
Muscle activation reflects the level of active force produced by muscle. First, Raw EMG signals need to be preprocessed by high-pass filtering, full-wave rectification, normalizing, and low-pass filtering. A recursive filter is then used to calculate the neural activation from the pre-processed EMG signal as Eq.1 [7, 11] .
where ( ) e t is the EMG value after pre-processed; ( ) u t is neural activation; d is the electromechanical delay, and let 40 d ms = ; α , 1 β , and 2 β are coefficients that define the second-order dynamics. To realize a positive stable solution, a set of constraints has to be employed [7, 11] , i.e. 
where 1 1
There exists nonlinear relationship between neural activation ( ) u t and muscle activation, especially in the condition of low level EMG. To account for this, a simple transformation as Eq.3 is proposed in [12] ( )
where ( ) a t is muscle activation, and A is the nonlinear shape factor allowed to vary between -3 and 0. The muscle-tendon force ( mt F ) is calculated as: Here, we present three assumptions in order to simplify the calculation of Eq.5.
• Suppose t l be constant. According to [14] , the tendon is rather stiff, and the strain is only about 3% of the tendon length for maximum muscle force.
• Suppose the pennation angle of the biceps brachii be constant throughout elbow flexion/extension. For muscles with a small pennation angle, it will have little effect on the force in the musculotendonous unit [7] . According to [15] , The pennation angle of the biceps brachii is 0°, so its change can be neglected.
• Suppose
If the joint movement is relatively slow, compared with the maximum muscle velocity that is used for normalization of the muscle velocity (reported as large as 0 10 m l s [7, 9] ), the force-velocity relationship of the biceps brachii can be omitted. Therefore, to describe Eq.5, we only need to know the expressions of ( ) 9] . A second-order polynomial is used to model
, and the passive muscle force function is given by ( ) 10 l and φ ) are known, the muscle force can be calculated. Besides, if the muscle moment arm is acquired, the muscle's contribution to joint moment can also be computed. To calculate the length and the moment arm for a musculotendonous unit, a musculoskeletal model accounting for their changes as a function of joint angle is required [7] . The musculoskeletal model can be expressed by polynomials [7, 16, 17] . In this study, we only consider the biceps brachii, and its corresponding joint is elbow. Thus, a first-order polynomial is given to express the musculotendonous length of the biceps brachii as a function of the elbow joint angle (see Fig.4 ). Then we can compute the moment arm using the tendon displacement method described in [14] 
Thus, the biceps' contribution to the elbow joint moment is
where τ is the elbow joint moment.
As described in Fig. 4 , the angular acceleration of the elbow joint can be calculated using the joint forward dynamics, ( )
where I is the elbow's inertia, which is assumed to be constant for a fixed external load. ex τ includes the external torque and the forearm gravity torque.
θ Fig.4 The movement of the elbow joint
Combining the modified Hill-based model with the joint forward dynamics, i.e. substituting Eq.4-10 into Eq.11, we have ( ) ( ) 
Thus, we get the EMG-driven joint motion model in discrete time:
where T is time-step. θ and θ are the joint angular velocity and position, respectively.
C. Joint Motion to EMG Features
If the muscle activation ( ) a k and the external torque ( ) ex k τ are known, we can calculate the joint motion states using Eq.13. However, Eq.13 is only an 'open-loop' model, which means that there is no later measurement feedback to verify its validity. Here, we propose a measurement equation, which can be used to correct the calculation/estimation in real time. Two reasons motivate us to build such a measurement equation.
• Besides the muscle activation ( ) a k involved in Eq.13, there are other features contained in EMG signals, such as EMG amplitude, waveform length, and cepstrum coefficients, which could be possibly used to improve the joint motion calculation/estimation.
• In real implementation, i.e., using the EMG-estimated joint motion as command to control a robotic arm, the frequency of sending the control command to the mechatonic arm is usually much slower than that of EMG signal being sampled. Thus, we can extract certain EMG features inside such a 'time-redundancy window', and further use the features to verify and even correct the motion calculation/estimation. 
To relate the EMG features with the joint movement, we use two second-order polynomials to represent the relationship between them. Because angular acceleration is fluctuant frequently in actual movement, only angular velocity and angle are involved in the equation 
III. MOTION ESTIMATION
In this section, we will study the motion estimation by using Eq.13 and 16 as a reference model. Eq.13 and 16 are nonlinear, so any nonlinear estimation algorithms can be used to estimate the states as well as parameters inside them.
Here, we briefly introduce how the normal extended Kalman Filter is applied to estimate the elbow joint motion. The EKF gives an approximation of optimal estimate. A nonlinear reference model is linearized around the last state estimate by using Taylor series expansion. Then the consecutive prediction-update cycle of the KF is used to propagate the minimum mean-square-error estimate. Here we only give a normal description of EKF, please refer [13] for more details.
Eq. 13 and 16 can be represented by a general form:
where
k w and k v are, respectively, the process noise and the measurement noise, and their covariance matrices are defined as Q and R . Using the EKF to estimate the joint movement can be summarized as below: 
IV. EXPERIMENTS

A. Experimental Set-Up
In order to verify the EMG-driven model, we build the experimental system like Fig.5 . An active surface electrode is placed on the biceps brachii to sample the EMG signals. The EMG signals are amplified by using a specially designed circuit module, and then digitized by using an A/D converter (PCL-818HD). The sampling frequency is 1024Hz. For the purpose of validating the estimation, an inertial measurement unit (IMU, VN-100) is also put on the forearm to record the 'real' angular displacement and velocity of the elbow joint at sampling frequency of 20Hz. Moreover, there is a weight in the human's hand, which is used to verify the model in the condition of different loads.
In order to extract the EMG features of Eq.14 and 15, a 128ms moving window with a 64ms time increment is set. Thus, the estimation result is generated per 64ms, which satisfies the requirement of real-time control. All the software modules, including data acquisition, model verification, motion estimation and control, are implemented under QNX real-time operating system, running on the IPC hardware system. 
B. Parameter Identification
The first experiment we conducted was to identify the unknown parameters inside the EMG-driven model, i.e. 
where χ is an unknown parameter vector, z is the estimated value, and measured z is the measurement value (see [19] for the details of Levenberg-Marquardt algorithm).
Two experiments were conducted with respect to different external loads, namely, 1.92kg and 3.23kg respectively. Fig.6 and 7 demonstrate the Raw EMG signals, muscle activation, IAV and WL, with respect to 1.92kg and 3.23kg external load respectively. Table-1 , and the same values are used for all loading [7] . 
C. EMG-Driven Model Verification
After the identified parameters were substituted into the EMG-driven model, we used the EKF algorithm to estimate the motion states of human arm with only the EMG measurements. The EKF-based estimation was conducted in real-time, at the frequency of 16 Hz. In order to demonstrate the improvements of the EMG features of Eq.14 and 15, we first used only the EMG signals, i.e., Eq.13, as the reference model of the movement estimation. Then, we used both the EMG signals and the extracted features, i.e., Eq.13 and 16, as the reference models of the EKF estimation. Fig.8 and 9 show the experimental results, which includes the IMU measurement as a 'true value' for comparison, estimated angular velocity and position with respect to 1.92kg and 3.23kg respectively. From these two figures we can see that the extracted EMG features improve the accuracy of state estimation significantly, and the validity of the proposed model is also verified. Additionally, we propose two criteria to assess the estimations in quantity, which are root mean squared error ( ℜ ), and correlation coefficient ( ρ ).
where x represents the IMU measurement, x is the estimated value, and n is the number of sample points,
C is the covariance coefficient, x σ and x σ are the standard deviations.
For the angular velocities and angles estimated by our model, the root mean squared error and correlation coefficient are listed in Table- 2. As can be seen, the model estimations are efficient, especially in angle prediction. 
D. Tracking Control of a Robotic Arm
In the experiments shown as Fig.10 , we tried to control one joint of a 4-FOD robotic arm tracking the motion of the human elbow joint, while the motion of human elbow was estimated by the EMG measurement and the reference model described in this paper. The man took 1.92kg load, and the manipulator worked in velocity control mode. Fig.11 shows the result of the tracking control, from which we can see the robotic joint tracking human motion very well.
V. CONCLUSION
In this paper, an EMG-driven state-space model for joint motion estimation was constructed, where the continuous angular displacement and velocity could be estimated using only the EMG signals. Extensive experiments, as well as the comparison between the estimations and IMU measurements demonstrated the effectiveness of the proposed model. We also used the estimations to control a robotic arm tracking human movements, which showed the possibility that the proposed method to be used in robotic assisted rehabilitation. 
